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ABSTRACT
The accurate identification of learning disabilities is critical for applied settings as
well as for research purposes. Currently, there are multiple methods of learning disability
(LD) identification utilized by practitioners, including: IQ/achievement discrepancy,
response to intervention, and patterns of strengths and weakness (Hale & Fiorello, 2004).
Despite the use of these methods, there is a lack of research on the validity and the rates
of Learning Disability identification associated with these methods. Additionally, the use
of different methods creates potential differences in the base rates of students identified
as having a learning disability. Further, the identification of learning disabilities needs to
be associated with the interventions provided. The current study examined the frequency
of cognitive and academic weaknesses in LD and control participants, using different
criteria thresholds. The study also sought to examine the validity of the Integrated
Assessment and Intervention Model (I-AIM), an identification approach that synthesizes
assessment and intervention in a method that is user friendly (Decker, 2012). Participants
included 42 children who had been previously diagnosed with a specific learning
disability, and 42 children from the normative sample of the Woodcock-Johnson, Third
Edition. Results of the study indicated that significantly more students from the learning
disability group than the control group met I-AIM LD criteria. Although the results are
promising, future research is needed to further examine the validity of the I-AIM.
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CHAPTER ONE:
IDENTIFICATION OF LEARNING DISABILITIES
Special Education Legislation
In 1975, special education services for students with disabilities was federally
implemented in the Education for All Handicapped Children Act (EAHCA), now known
as the Individuals with Disabilities Education Act (IDEA) (20 U.S.C § 300). The purpose
of this law was to ensure the educational rights of eligible students with disabilities by
mandating that public schools provide special education and related services that meet
students’ unique educational needs and to collaborate with students’ parents in
developing these programs. (Aaron, Joshi, Gooden & Bentum, 2008; Dean, Burns,
Grialou & Varro, 2006; Hallahan & Kauffman, 1994; 20 U.S.C § 300). The creation of
special education legislation in the United States was an important landmark for students
who had been stigmatized as different, and in many cases “uneducable” based on their
ability level (Artiles & Bal, 2008). More than one million students were excluded from
public schools before the implementation of IDEA, and 3.5 million students did not
receive appropriate services (President’s Commission, 2002).
Although IDEA regulates certain criteria for special education eligibility, the
process of referral and identification for special education in the U.S. varies greatly
depending on the school district policies (Hallahan & Kauffman, 1994; Cortrell &
Barrett, 2016). However, all eligibility regulations require two criteria: the student must
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meet criteria for a specific disability, and the student must demonstrate an educational
need for specialized instruction. The high incidence disability categories typically have
stricter eligibility requirements (President’s Commission, 2002). With the introduction of
IDEA, the number of children enrolled in special education rose from approximately 3.7
million in 1976 to 6.5 million students in 2013 (National Center for Educational Statistics
[NCES], 2016). Currently, approximately 13% of school-age students receive special
education services (NCES, 2016). Special education can cost 1.9 times more for students
in special education than students in general education (Chaikind, Danielson, & Brauen,
1993). In 2015, the average cost of education per year for a general education student was
$7,552, whereas the average cost for a special education student was $16,921 (National
Education Association [NEA], 2015). Due to the cost of services for students in special
education, federal and local governments have voiced concerns about the number of
students eligible for special education services. Education systems can only feasibly serve
a certain number of students in special education, due to budget and administrative
limitations (Harry & Klingner, 2006; National Research Council, 2002).
Learning Disabilities
The recognition of learning disabilities in schools began approximately 100 years
ago when teachers saw children who appeared to be intelligent but had great difficulty
learning how to read. This condition was investigated by physicians, who described it
with terms such as word blindness, strephosymbolia, dyslexia, and learning disability
(Hale & Fiorello, 2004; Maki, Floyd & Roberson, 2015; Meyer, 2000). The term
‘learning disabilities’ first began to gain acceptance in the education field when it was
introduced to educators in 1963 by Samuel Kirk. In 1975, learning disabilities were
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officially accepted as a recognized disability in EAHCA (Aaron et al., 2008). According
to the federal regulations listed in IDEA, a specific learning disability is “a disorder in
one or more of the basic psychological processes involved in understanding or in using
language, spoken or written, which disorder may manifest itself in the imperfect ability to
listen, think, speak, read, write, spell or do mathematical calculations” (20 U.S.C §
602(30)(A)). This broad definition identifies one of the critical components of a learning
disability as a deficit in a psychological process that manifests in an academic problem.
The most common types of specific learning disabilities are: dyslexia, a specific deficit
with phonological processing that impacts reading, and dyscalculia, which is
characterized by a specific deficit in mathematical ability (Cortiello & Horowitz, 2014;
Learning Disabilities Association [LDA], 2015). Dyslexia is a condition included in the
federal definition as a condition that is subsumed under the category of learning disability
(20 U.S.C. § 602(30)(B)).
Currently, learning disabilities are the most common category of disability in
special education in the U.S., with 2.4 million public school students identified with a
learning disability. Students with learning disabilities comprise approximately 5% of the
general population and 35% of all students receiving special education services (NCES,
2016). Because learning disabilities are the largest category of students with disabilities
served in special education, the procedures for identifying students who have learning
disabilities has been under scrutiny among educators and policymakers (Harry &
Klingner, 2006; National Research Council, 2002).
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Assessment of Learning Disabilities
The importance of accurately identifying students with learning disabilities in
public schools has created a need for developing objective and uniform criteria for
diagnosis for children in the schools (Aaron et al., 2008). Although IDEA regulations
include criteria for the identification of students with learning disabilities (34 C.F.R. §
300.308(a)(10)), specific operational criteria for learning disability eligibility is primarily
left to the states. Within the field, there are still debates as to what constitutes a “true”
learning disability. Further, assessment needs to accurately identify a feasible number of
students (Vaughn & Fuchs, 2003). Although IDEA regulations have certain criteria for
the identification of learning disabilities, federal regulations do not provide operational
criteria for learning disability eligibility. As a result of these differences, there are
varying prevalence rates of learning disabilities across states (Hallahan, Keller, & Ball,
1986; Maki et al., 2015; Reschly & Hosp, 2004; Scruggs & Mastropieri, 2002).
Assessments often vary based on whether practitioners define learning disabilities as
simply academic underachievement, or if they are viewed as caused by an underlying
cognitive deficit (Johnson, Humphrey, Mellard, Woods, & Swanson, 2010). Typically,
there are three different methods of assessment utilized: the aptitude/IQ achievement
discrepancy model, response to intervention, and strengths/weaknesses models (Hale &
Fiorello, 2004).
Aptitude/IQ Achievement Discrepancy Model
The aptitude/IQ achievement discrepancy model was proposed in the 1960s and
has historically been the most widely used approach for identifying students with learning
disabilities (Ihori & Olvera, 2014; Reschly & Hosp, 2004; Taylor, Miciak, Fletcher, &
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Francis, 2016). In this model, academic achievement is compared with cognitive aptitude,
based on the IQ score. An individual is then identified with a learning disability if there is
a significant discrepancy between their IQ and academic achievement (Dombrowski &
Gischlar, 2014). The most commonly used method for determining discrepancies,
standard-score discrepancy, calculated the difference between IQ scores and achievement
scores. If the difference between the scores was large enough (and IQ was higher than
achievement), then a student would be identified as having a learning disability (Meyer,
2000). Currently, 67% of states allow for the use of the discrepancy model for
determining LD eligibility and 20% of states prohibit the use of the discrepancy model.
Thirteen percent of states have no guidelines of whether or not the discrepancy model can
be used for eligibility (Maki, Floyd & Roberson, 2015).
The aptitude IQ/Achievement discrepancy model has been subject to numerous
criticisms by school psychologists and educators. A few of these criticisms are as
follows. First, there is evidence that this approach does not accurately differentiate
individuals with a learning disability versus individuals who do not have a learning
disability but exhibit similar symptoms (e.g., ADHD) (Dombrowski & Gischlar, 2014;
Meyer, 2000; Spencer et al., 2014). Previous research has found that the diagnostic
criteria for learning disabilities made it possible to diagnose most students who had low
achievement scores as having learning disabilities, or other students who may have
disabilities that impact their academic achievement scores (Meyer, 2000; President’s
Commission, 2002). Second, the discrepancy method of assessment has been found to
have fundamental psychometrical flaws in multiple research studies (Dombrowski &
Gischlar, 2014; Spencer et al., 2014). Third, there is not agreement among states for the
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threshold the difference needs to be for a child to qualify. Around one-third of states
previously required a standard deviation difference (15 points), another third required a
1.5 standard deviation difference (20 points), and the other third required various
amounts. This lack of consistency across states meant that children might qualify in one
state, but not in another (Meyer, 2000). Importantly, this model also does not provide any
resources for informing instruction or interventions (Spencer et al., 2014). The IQDiscrepancy model was also criticized as a “wait to fail” model because it requires the
child to have academic deficits before they can qualify for services (President’s
Commission, 2002; Spencer et al., 2014). Based on this model, it was difficult for a child
to receive services before third grade because they did not yet have the level of academic
deficits that was required (Dombrowski, Kamphaus & Reynolds, 2004). Based on the
criticisms of the “wait to fail” model, the President’s Commission report (2002) indicated
that all high-incidence disabilities should move from a failure to a prevention model.
Within this model, the student should receive research-based interventions prior to the
identification of learning disabilities as well as other high-incidence disabilities
(President’s Commission, 2002).
Response to Intervention
The response to intervention (RTI) approach was conceptualized in a 1982
National Research Council Study, which proposed the following criteria for evaluating
the validity of a special education classification: (1) adequate quality of the general
education program, (2) whether the special education program would improve student
outcomes, and (3) whether the assessment for identifying students is both accurate and
meaningful (Heller, Holtzman & Messick, 1982; Vaughn & Fuchs, 2003). Fuchs and
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colleagues (1998) later operationalized this approach, creating three phases for
interventions in order to identify students with learning disabilities (Fuchs & Fuchs,
1998). RTI is a problem-solving model rooted in the behavioral-consultation field that is
used to intervene on students with academic difficulties (Fuchs, Mock, Morgan, &
Young, 2013). Within this model, students are evaluated according to their
responsiveness to a four-stage process: problem identification, problem analysis, plan
implementation and problem evaluation (Fuchs et al., 2013). Starting in the 1980’s and
1990’s, some school districts began using a three or four-tier extended problem-solving
approach, which included identification based on the responsiveness to the intervention.
Hartland School District in Iowa and Minneapolis Public Schools were among the first
collaborative problem-solving approaches utilized in the schools (Fuchs et al., 2013).
Both of these approaches included a multi-level approach where the student received
more intensive interventions based on their need. Students who do not respond to the
intervention are then eligible for special education services. These students would not be
labeled under a certain eligibility label but would simply be labeled as eligible for special
education services (Fuchs et al., 2013).
RTI became a major method of LD identification when it was placed into federal
law as a method for LD identification in the 2004 revision of IDEA (Fuchs & Vaughn,
2012; Turnbull, 2009). The implementation of a RTI model was based on three factors:
(1) problems with the IQ-achievement discrepancy approach, (2) the cost of the increase
in students identified with LD, and (3) effectiveness of research-based early interventions
(Johnston, 2011). Within this debate, Gresham (2005) identified four advantages that RTI
holds over the discrepancy model: (a) early identification of learning problems, (b) use of
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a risk model rather than a deficit model, (c) reduction of identification biases, and (d)
focus on student outcomes. RTI is a multi-component system that requires general
education and special education teachers to work together to collect and analyze student
data, make data-based decisions, and apply appropriate instructional interventions based
on individual student needs (VanDerHeyden, Witt, & Barnett, 2005). Therefore, integrity
of the implementation of the intervention is crucial (i.e., fidelity). The communication of
how to address the large-scale implementation of RTI is also critical for the success of
the model (Hoover, Baca, Wexler-Love, & Saenz, 2008). Currently, 16% of states (N = 8)
require the sole use of RTI in LD identification, 17% of states (N = 9) allow for the use of
RTI in combination with other identification methods, and the remaining states (N = 34)
allow for the use of RTI as required by IDEA (Maki et al., 2015).
There are multiple models of RTI processes for determining eligibility. In a
standard protocol model, all students are screened and then students who are designated
to be at risk for academic difficulties are measured on short probes frequently (every 1-4
weeks). Students who score below a certain criterion (usually below the 25th percentile)
and/or do not achieve a specific level of progress would then receive small-group
instructions (Burns et al., 2008; Hudson & McKenzie, 2016). The students’ progress
during the intervention is then monitored for growth using progress-monitoring measures.
If the student makes little or no progress, the student is assessed, and a meeting would be
held to determine if the student qualifies for special education services (Burns, 2008;
Hale, Kaufman, Naglieri, & Kavale, 2006).
In order to determine responsiveness to the intervention (or unresponsiveness),
three different methods can be utilized. One method is to use benchmark criteria, where
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the responsiveness is based on a cutoff score on a specific measure, such as oral reading
fluency. Growth models can also be used, where the slope of the progress of the student
is compared to their same-aged peers. The student is considered unresponsive if the slope
is a standard deviation lower than their peers. In a third method, dual discrepancy,
students who do not meet the benchmark criteria and are not making progress are
considered unresponsive (Richards-Tutor et al., 2012). Previous research has found that
the three methods utilized had minimal overlap in determining who responded to the
intervention (Barth et al., 2008).
While RTI holds potential, RTI has not been established as a reliable and valid
method of LD identification, and there are several methodological problems associated
with this approach (Naglieri & Crockett, 2005; Reynolds & Shaywitz, 2009;
VanDerHeyden, Witt, & Gilbertson, 2007). Although research has suggested that RTI
results in improvements in student outcomes (Case, Speece, & Molloy, 2003; Vaughn,
Linan-Thompson & Hickman, 2003), the use of RTI for special education eligibility has
not been sufficiently validated in the literature (Tran, Sanchez, Arellano, & Swanson,
2011). Additionally, there is a need for clear definitions for how to define
‘unresponsiveness’, leaving this interpretation to the educators on a case-by-case basis
(Burns et al., 2008; Dombrowski & Gischlar, 2014; Zirkel & Thomas, 2010). Although
researchers have worked on establishing growth standards for students with learning
disabilities, questions remain about how to define acceptable academic growth, as these
are not given in legal standards (Deno, Fuchs, Marston, & Shin, 2001). Based on their
findings, Deno and colleagues concluded, “…considerable additional research is
necessary to explore further the associated technical issues and the consequential validity
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of implementing such a standard-setting process.” (Deno et al., 2001, 522). Further,
Ardoin and colleagues (2013) conducted a comprehensive review and found that decision
rules used for eligibility were frequently based on expert opinion, rather than researchsupported practices (Ardoin, Christ, Morena, Cormier & Klingbeil, 2013).
In a meta-analysis by Barth and colleagues (2008), the researchers examined 399
first grade students to look at different operationalizations of RTI in terms of agreement
for identifying responders vs. nonresponders. The results indicated that only 15% of the
comparisons had the minimum level of agreement (kappas <.40). None of the methods
(e.g., dual discrepancy, final benchmark) was superior to the other methods in
identification. The biggest difficulty with agreement between the methods was utilizing
different cutoff points. Fuchs and Deshler (2007) stated, “If practitioners across the
nation choose different RTI methods of identification, there may be even greater
variation in number and type of children identified as having LD than the variation
produced by use of IQ-achievement discrepancy” (p. 134).
Patterns of Strengths and Weaknesses
In addition to RTI as a method of eligibility, IDEA also allows a third evidencebased approach to be used to identify students with a learning disability. The most
commonly used other “third method approach” are Patterns of Strengths and Weaknesses
(PSW). PSW became a common assessment approach partially due to the criticisms of
the IQ/achievement discrepancy and RTI models. Despite the relative widespread use of
PSW approaches, little is known among school psychologists about this method of
assessing learning disabilities (Flanagan, Fiorello, & Ortiz, 2010). Typically, clinicians
examine cognitive profiles of individuals and determine if there is a discrepant cognitive
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weakness that may contribute to their academic weakness. Approximately 25% of states
(N = 14) specify that the PSW approach can be used to identify LD, another 25% of states
(N = 12) do not specify whether this approach can be used, and the other half of states
(N = 25) do not allow this approach. Furthermore, most states (N = 23) that allow for this
method do not provide further guidance on specific policies and procedures related to this
method (Maki et al., 2015).
The PSW model is based on a prevalent theory of learning disabilities, the
specificity hypothesis, which posits that learning disabilities are the result of neurological
abilities that are selectively impaired, causing low academic skills, whereas general
cognitive functioning remains intact (Compton, Fuchs, Fuchs, Lambert & Hamlett, 2012;
Johnson et al., 2010). Research supporting the specificity theory indicates that there are
large (g =.80) differences in cognitive differences between students with learning
disabilities, compared to typically developing peers (Johnson et al., 2010). For example,
previous research has provided extensive evidence that dyslexia is associated with a core
weakness in the awareness of the phonological features of language (Elbro, 1995;
Goswami, 1990; Lyon, 1995; Pennington, Cardoso-Martins, Green, & Lefly, 2001;
Reiter, 2001; Torgeson & Wagner, 1998). Previous research has also found that children
with developmental dyslexia perform worse on phonological awareness tasks, compared
to typically developing children (Flanagan, Ortiz, Alfonso, Dynda, 2006; Hale &
Fiorello, 2004; Moll, Gobel, & Snowling, 2015; Park & Lombardino, 2013; Pennington,
2009; Stanovich & Siegal, 1994; Valdois, Bosse, Tainturier, 2004). Additionally, studies
have found cognitive deficits in rapid naming (Denckla & Cutting, 1999; Kudo, Lussier,
& Swanson, 2015; Moll et al., 2015; Park & Lombardino, 2013), processing speed
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(Johnson et al., 2010; Moll, Gobel, Gooch, Landerl, & Snowling, 2016), verbal working
memory (Kudo, Lussier, & Swanson , 2015; Johnson et al., 2010), short-term memory
(Hachmann, Bogaerts, Szmalec, Woumans, Duvek, & Job, 2014; Kudo et al., 2015;
Tamboer, Vorst & Oort, 2016), and executive processing (Kudo et al., 2015; Reiter,
Tucha, & Lange, 2005; Varvara, Varuzza, Sorrentino, Vicari, & Menghini, 2014) for
children with dyslexia. Further, the primary cognitive deficit associated with dyscalculia
has been found to be a difficulty in processing numerosities (approximate number sense)
(Butterworth, 2010; Geary et al., 2007; Lander, Fussenger, Moll, & Willburger, 2009).
Additionally, research has found cognitive deficits in visual-spatial processing (Swanson,
2012), short-term and working memory (Compton et al., 2012; Geary et al., 2007;
Swanson, 2012), and processing speed (Bull & Johnston, 1997; Compton et al., 2012;
Swanson & Jerman, 2006) for students with dyscalculia.
There are three models that are typically used in patterns of strength and
weaknesses approaches: Naglieri’s Discrepancy/Consistency Model (Naglieri, 1999),
Flanagan’s Operational Definition of SLD (Flanagan, Ortiz & Alfonso, 2007), and Hale
& Fiorello’s Concordance-Discordance model of SLD (Hale & Fiorello, 2004). All of the
third-method approaches conceptualize learning disabilities as a link between
achievement deficits and a cognitive weakness, in an otherwise normal cognitive profile
(Flanagan, Fiorello, & Ortiz, 2010). Differences among the models include exclusionary
factors for LD identification, thresholds for achievement and cognitive deficits, and the
methods utilized to establish a discrepancy (Miciak, Fletcher, Stuebing, Vaughn, & Tolar,
2014).
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In 1999, Naglieri developed one of the first methods of patterns and strengths and
weaknesses, the Discrepancy/Consistency model (Naglieri, 1999). This method was
developed in association with the Cognitive Assessment System (CAS) and is based on
the Planning, Attention, Simultaneous and Successive (PASS) intelligence theory. This
approach examines whether the within-child cognitive variability is greater than
expected. The goal of the evaluation, therefore, is to determine if there are cognitive
weaknesses associated with the presentation of the disorder, as well as cognitive strengths
in unrelated areas (Flanagan et al., 2010).
Another third-method approach is the “Operational Definition of SLD” created by
Flanagan and colleagues (2007). According to this approach, there are three levels of
evaluation design to identify normative strengths and weaknesses in academic and
cognitive abilities. On the first level, there are exclusionary factors, such as mental
disorders, behavior, problems, or cultural/linguistic differences that should first be
evaluated to determine if the student’s performance is due to noncognitive factors
(Flanagan, Fiorello, Ortiz, 2010). The child should have an average ability profile with a
below average aptitude-achievement discrepancy. For example, the child should have a
deficit in a cognitive area that is consistent with the academic weakness. Flanagan and
colleagues define a standard score of less than 90 as a cognitive weakness (Flanagan,
Ortiz, & Alfonso, 2007).
Most recently, Hale and Fiorello (2004) proposed the Concordance-Discordance
model of SLD determination, a third PSW approach. This model emphasizes the need to
collect data from multiple sources and multiple methods to ensure validity. Similar to
other methods, the goal of the model is to determine if there is concordance between a
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cognitive and academic deficit. Additionally, there should be a discordant cognitive
strength that is not associated with the specific academic deficit (Hale & Fiorello, 2004).
In this model, the determination of concordance and discordance is based on a threshold
for significant differences. The thresholds are based on a calculation of either the
standard error of the difference or standard error of the residual (Hale & Fiorello, 2004).
Although the PSW approach has become a popular method of identification of
learning disabilities, there are concerns that it may over identify children with learning
disabilities (Stuebing, 2012). One problem associated with this method is that the
assessment methodology used to determine cognitive weaknesses, as well as the base
rates of cognitive weaknesses, have not yet been validated in the literature. Currently,
there have not been empirical studies that support the reliability and validity of LD
identification through a PSW approach. Additionally, simulation studies have found that
the different models result in different LD identification decisions (Maki et al., 2015;
Spencer et al., 2014). Both meta-analyses conducted of PSW methods show that
cognitive discrepancies do not have strong validity (Hoskyn & Swanson, 2000; Stuebing
et al., 2002). Additionally, a pattern of strengths and weaknesses across cognitive tests
has shown poor reliability (Kramer, Henning-Stout, Ullman & Schellenberg, 1987;
Macmann, Barnett, Lombard, Belton-Kocher, & Sharpe, 1989; McGill, Styck, Palomares,
& Hass, 2016; Stuebing et al., 2012).
Hybrid Models
In response to the strengths and weaknesses of the different LD models, many
researchers have examined “hybrid models” of learning disability identification. In a
hybrid model, low achievement is one of the criteria as well as response to instruction
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(Bradley, Danielson & Hallahan, 2002; Fletcher, Denton & Francis, 2005). The U.S.
Department of Education Office of Special Education Program recommended this
approach using three criteria. In order to meet criteria for a disability, the student must
demonstrate low achievement, insufficient response to research-based interventions and
exclusionary factors (i.e., intellectual disability, emotional disturbance, lack of language
proficiency) (Bradley et al., 2002). Although this model has promise, there is little
research on the validity of this model. Another limitation is that this model does not
incorporate knowledge of cognitive weaknesses, such as phonological processing
(Spencer et al., 2014). Hale and colleagues (2006) proposed their version of a hybrid
model for identifying disabilities to use within the schools. The identification process in
this model incorporates a three-tier protocol. In the first tier, the student receives high
quality instruction in the general education setting. Within this model, students would
receives multiple standardized CBMs in order to monitor progress. If the student does not
respond to the intervention, they would move to the second tier. In the second tier, the
student receives an individualized problem-solving model where the school team
implements individualized interventions. If they do not respond at this level, the student
moves to the third tier. At the third tier, the student receives a comprehensive evaluation,
including measuring basic psychological processes (Hale et al., 2006).
Cutoff Score Criticisms
Despite the importance of cognitive testing for learning disability eligibility, there
are large variations in the methods used to determine cognitive weaknesses. The
variations utilized in the different LD identification models used can cause large
discrepancies in the rate of identification. One of the variations that can change across
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models is different cutoff scores. Cutoff scores are scores used to divide a test score into
two or more categories, typically identifying a score as below average, average or above
average. Typically, cutoff scores based on standard scores determine whether
performance is in the average range. Thus, a child may qualify as having a learning
disability if they fall below a specific cutoff score. There is not one cutoff score used,
instead practitioners typically use cutoff scores based on the distribution of scores used
with the measure, usually based on standard deviations ranging from 1 to 1.98 (Brooks,
2010; Godefroy et al., 2014; Haynes, Smith & Hunsley, 2011; Schretlen, Testa, Winicki,
Pearlson & Gordon, 2008). Using a normal distribution, this may range from including
2.3% to 15.9% of individuals (Schretlen et al., 2008). Criticisms of the identification of
disabilities, including learning disabilities, have condemned the use of arbitrary cutoff
scores. Indeed, almost any approach that creates a cutoff point on a single measure is
unreliable because there is always measurement error (Fletcher et al., 2005; Francis et al.,
2005; Macmann & Barnett, 1985). For example, Markon, Chmiewlewski and Miller
(2011) analyzed 58 studies examining the reliability and validity of dimensional
approaches to psychopathology. When using a dimensional approach, reliability was 15%
higher and validity was 37% higher, compared to a categorical approach, using specific
cutoff scores (Markon, Chmiewlewski & Miller, 2011).
Problems associated with artificially dichotomizing continuous data have long
been known (Cohen, 1983; MacCallum, Zhang, Preacher, & Rucker, 2002). It is
important to consider that multidisciplinary evaluation teams must make a dichotomous
eligibility decision (i.e., yes/no), and therefore, some decision error will occur when
cutoff scores are used to diagnose students. In consideration of this problem, it is
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important to highlight that all cognitive–achievement measures contain measurement
error and thus true scores are bound to fluctuate around arbitrary cutoff points with
repeated diagnostic testing (Macmann et al., 1998).
Base Rates
Base rates, or the percentage of a population that falls within a specific category,
are of particular interest in clinical diagnostic assessment (Kennedy, Willis, & Faust,
1997; Stuebing et al., 2012). Base rates help clinicians to determine whether a symptom
is truly related to that condition. Psychologists often compare specific strengths and
weaknesses to the standardization sample and determine whether the discrepancy shows
an infrequent base rate (Glutting, McDermott, Marley, & Kush, 1997). For example, the
high base rate of “exceptional” subtest profiles have been an issue in the field of special
education and school psychology (Konold, Glutting, McDermott, Kush, & Watkins,
1999). Practitioners often interpret the subtest scores of intelligence tests, either
examining statistically significant strengths or weaknesses between subtest scores, or
base rate scores (Tanner-Eggen, Balzer, Perrig, & Gutbrod, 2015). In using statistical
significance of score differences (i.e., p values), a child’s performance is compared to
either the group average or the personal mean. By establishing statistical significance, the
practitioner assumes that the score difference is meaningful and is not due to chance.
However, differences that are statistically significant can still be common in the
population, representing a natural variation of test scores (Konold et al., 1999). Previous
research has demonstrated that low cognitive and neuropsychological test scores exist in
healthy populations, due to intra-individual variability (Tanner-Eggen et al., 2015). For
example, Konold and colleagues studied the number of children from the Wechsler
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Intelligence Scale for Children, Third Edition standardization sample (N= 2,200) with at
least one statistically significant subtest deviation (p < .05). The results indicated that
42.7% of children had at least one statistically significant weakness (Konold et al., 1999).
Because a significant difference in performance is common, base rates are crucial to
determine if strengths and weaknesses are common in the population.
To determine base rates of cognitive and academic weaknesses associated with
PSW approaches, multiple simulation studies have been conducted. In one study to assess
patterns of strengths and weaknesses models, Stuebing and colleagues (2012) used
simulated data to determine the technical adequacy of the three PSW methods. The
results of the stimulation found that all three methods showed good specificity but poor
sensitivity. Therefore, many students may not be identified as LD, and may be false
negatives. Additionally, the results of the study found that all three methods identified a
small percentage of the population (1-2%) (Stuebing et al., 2012).
In another study designed to assess strengths and weaknesses models, Miciak and
colleagues (2014) examined cognitive assessment data for 139 adolescents with
inadequate response to intervention. The data was assessed using ConcordanceDiscordance method (C/DM) (Hale & Fiorello, 2004) and the Cross-Battery method
(XBA) (Flanagan et al., 2007). These two PSW methods have different suggested cutoff
points. For instance, the C/DM method is usually implemented with a cutoff point of less
than 90, whereas Flanagan proposed a threshold of 85 (Miciak et al., 2014). Therefore,
Miciak evaluated the data using both cutoff points. The results of the study indicated that
the percentage of participants that met LD identification criteria ranged from 17.3%
(XBA 85) to 47.5% (C/DM 90). The study also found that the C/DM model identified
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more students than the XBA approach at equivalent cut off points. Across methods, the
rate of LD identification was significantly higher when a cutoff point of 90 rather than 85
was used. When comparing the groups that met and did not meet LD identification
criteria on externally academic variables, they were largely null, thus questioning the
external validity of these approaches. Additionally, the study found low agreement
between the two different patterns of strengths and weaknesses models (kappa range- .04.31). The low agreement is not necessarily surprising, as the approaches vary differently
in the way the classify students. The C/DM model is a within-person approach, whereas
the XBA method is a normative approach. However, the result of the study does raise
important questions about the utility of using different diagnostic criteria (Miciak et al.,
2014).
Integrated Assessment Intervention Model (I-AIM)
Whereas PSW models are a promising approach for combining comprehensive
assessments with intervention services, there are still many logistical issues with
determining the feasibility of these methods. Specifically, critics of PSW approaches
have cited the lack of research for whether PSW approaches accurately identify children
with SLD. Additionally, classification issues related to base rate problems have been an
issue. Specifically, PSW approaches involve a large number of tests to identifying a
weakness; however, weaknesses (defined by a specific score threshold) are often found in
non-SLD populations. Additionally, the probability of finding a “deficit” increases with
the number of tests administered. Finally, the lack of connection between PSW
assessments for guiding intervention service planning has been a further criticism.
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The I-AIM proposed by Decker (2012), provides a simplified model of core
diagnostic elements inherent in SLD determination in schools. Additionally, it attempts to
integrate the two core contradictory elements that have inherently been problematic in
special education identification: 1) academic and cognitive tests using normative
measures result in continuous outcomes, and 2) decision-making outcomes for disability
identification, eligibility for services, or educational placement is categorical. The I-AIM
provides an explicit mapping between continuous dimensions from assessment data and
diagnostic classification categories related to treatment and special education services to
provide a more objective basis for allocated special education services. Similar to other
models of learning disability identification, there are several assumptions made in the IAIM. First, disability identification is a function of measured deficits in different domains
(e.g., academic, cognitive, etc.). The severity of the disability, therefore, is measured by
the number of measured deficits. According to the model, the intensity of intervention
services should be provided to children based on the severity of the disability.
Conceptually, children with more deficits in more domains are linked to more intense
intervention services (Decker, 2012).
A link between measured deficits in different domains to intervention services is
made by a Data Classification Code (DCC) that represents measured deficits in each
domain (academic, cognitive.) with 0 (no deficits to 3 (three or more deficits) (Decker,
2012). The DCC provides a representation of the number of deficits in each domain in
which more deficits in more domains indicate greater severity of problems. For instance,
two domains (academic and cognitive) is represented by a two-digit DCC (00). The first
digit represents the number of academic deficits; the second represents the number of
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cognitive deficits (Decker, 2012). A child with 2 academic deficits and 0 cognitive
deficits would be coded as 20. A child with 0 academic deficits and 2 cognitive deficits
would be 02. While arbitrary, the utility of this model is based on a need to 1) predict
prevalence rates, and 2) match intervention services to the severity of learning problems
(Decker, 2012).
The I-AIM also conceptualizes interventions along a dimension of intensity using
an Intervention Code (IC) that range from “no services” to “intense services”. In
following this method, interventions can be directly based on the severity of the deficit in
the associated domain. For example, Level 0 intervention services include all students in
general education, where there is no evidence of an academic deficit. For students in
Level 1, they may have minor accommodations. Students receiving Level 2 intervention
services are for students with both academic and cognitive deficits, typical for students
with learning disabilities. In this level, children may receive specialized intervention
services, generally in a resource setting. Students in Level 3 would be best served through
intense interventions and support services primarily in a non-general education setting
(Decker, 2012).
The I-AIM was conceptualized to address several theoretical and applied issues
that have emerged in the applied use of PSW models. First, LD is a heterogeneous
category of disability that is characterized by a deficit in a psychological process that
affects an academic area. However, the cognitive weakness may differ for each child.
Additionally, apart from well-defined subtypes of LD such as dyslexia, there is not a core
profile of scores that will uniformly identify children with LD. Thus, composite level
profile scores from an LD sample may, like IQ scores, provide aggregate scores that
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average out the strengths and weaknesses resulting in a general low score across all
measures. Given individual variation in LD may result in difficulties for finding group
level differences in profiles of scores, the I-AIM model provides a more general focus for
examining the percentage of scores flagged as a “weakness” in comparison to the base
rate of finding a similar percentage of weakness in the typically developing population,
controlling for other variables.
Consequently, the I-AIM model makes several novel theoretical proposals that
may be tested empirically. First, for heterogeneous groups of children with LD, the
primary difference between LD and non-LD groups will be in the distribution of
frequency counts for weaknesses. Since different approaches use different criteria for
defining a weakness, a range of thresholds will be tested in the current study. Second, the
primary difference in frequency distributions should be in distributions for scores below
average but not significantly below average. Specifically, frequency distributions for
children with LD differ from control groups in threshold areas just below average levels
but not in score distributions significantly below average, which would be more sensitive
for detecting children with pervasive or general developmental disabilities. However, the
I-AIM does not specify which threshold will be the most sensitive, which is a goal of the
current study.
Rationale for the Current Study
Given the high prevalence rates of students with learning disabilities, accurate
identification of students is critical to ensure that students are receiving the services they
need. If students are inaccurately identified as having a learning disability (i.e., false
positive), students may receive unnecessary accommodations, potentially resulting in the

22

deterioration of skills for the child and wasted resources for schools. However, if students
are inaccurately identified as not having a disability (i.e., false negative), they may
continue to struggle academically without the needed supports, falling even further
behind (Cortrell & Barrett, 2016; Johnson et al., 2010).
Currently, the process of matching intervention services to the child’s underlying
need is inherently trial and error. Accurate diagnosis is further complicated by the
constraints of government regulations based on budgetary concerns. PSW models hold
promise; however, research has not clearly validated the accuracy of these models
(Miciak et al. 2014). To address the limitations of current methods for diagnosing
learning disabilities, the I-AIM was proposed by Decker (2012) as a way to
operationalize core diagnostic elements inherent in LD determination while directly
addressing prevalence rates of identification. Although the I-AIM implicitly integrates
the conditional nature of special education eligibility on the presumption of having an
academic need as defined by “academic deficits,” the conditional nature of LD
identification as involving academic deficits with greater frequency than non-LD children
but less than children with general or pervasive developmental conditions has not been
explicitly explored.
The current study investigated the validity of the I-AIM using students with
learning disabilities, as well as typically developing children. First, the study examined
whether students with learning disabilities have significantly more cognitive and
academic weaknesses then typically developing students, and the effect of various cutoff
scores on the number of cognitive and weaknesses within both groups. The current study
also examined the rate of identification of the I-AIM with students with learning
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disabilities, as well as students in the control group. Further, the study examined the
model using differing criteria effects (i.e., cutoff scores) to determine how different
criteria impacts the eligibility rate. By examining these factors, the current study seeks to
provide further information on how to integrate assessment and intervention in an applied
setting.
Goals of the Study
Major Objective: The major goal of the current study is to determine the validity of using
a frequency coding approach for the assessment of learning disabilities, as suggested by
the I-AIM. The study will examine the accuracy of the I-AIM in diagnosing students with
learning disabilities.
•

Aim One: The first specific goal of the study is to compare cognitive and
academic weaknesses between the LD and control group, and to examine
the effect of utilizing different identification criteria (i.e., cutoff scores) on
the number of participants with cognitive and/or academic weaknesses.
The number of cognitive and academic weaknesses will be totaled for
each participant to compare the frequency of cognitive and academic
weaknesses for participants in the control and LD groups, using different
cutoff scores.
o Hypothesis for Aim One: There will be a greater frequency of both
cognitive and academic weaknesses in the LD group, compared to
the control group. Further, there will be a greater frequency of
cognitive and academic weaknesses in both groups (LD and
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control) when using a standard score of 90, compared to a standard
score of 75.
•

Aim Two: The second specific goal of the study is to determine if the IAIM accurately categorizes children with learning disabilities. The
identification rates in each group will be compared using different cutoff
scores to examine criteria effects in the I-AIM.
o Hypothesis for Aim Two: Significantly more participants will meet
I-AIM eligibility criteria in the LD group, compared to the control
group.
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CHAPTER TWO:
METHODS
Participants
Two samples of participants were utilized in the current study. Primarily,
participants with learning disabilities, six to 13 years of age, were recruited. Participants
included 42 children with a previous diagnosis of a specific learning disability in reading
and/or mathematics. Children with a diagnosis of Autism Spectrum Disorder or an
Intellectual Disability were excluded from the study. Participants in the Learning
Disability group were recruited through flyers distributed to local schools, psychological
clinics, tutoring centers, pediatrician’s offices, libraries, restaurants, and coffee shops.
Local organizations, including the Sandhills School for Learning Disabilities and Tutor
Eau Claire, supported and assisted with recruitment efforts. In order to participate in the
study, a short screening questionnaire was completed by the child’s parent via phone or
online survey to determine if the child was previously diagnosed with a specific learning
disability in reading and/or math (either at a school or through a private clinic). The mean
age of participants was 120.36 months of age (SD = 20.19). There were 28 male and 14
female children included in the LD group (N = 42). Thirty-seven participants were
diagnosed with a learning disability in reading, two participants were diagnosed with a
learning disability in math, and three participants were diagnosed with a diagnosis of a
learning disability in both math and reading (comorbid).
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Additionally, a control group with typically developing children was used,
utilizing the Woodcock-Johnson III (WJ-III) standardization sample. The WJ-III
standardization sample consisted of 8,818 participants between the ages of 12 months to
over 90 years of age. The data for the normative sample was collected between
September 1996 and May 1999. Participants were randomly selected within a stratified
sampling design, which controlled for specific community and participant variables
(region, community size, sex, race, Hispanic, type of school, type of college, education of
adults, occupational status of adults, and occupation of adults in the labor force). The
sample was consistent with population norms, based on projections for the 2000 U.S.
census. A matched case control design based on age and gender was utilized to select the
participants from the standardization sample for the current study. There were 42
participants, 28 male and 14 female children, from the WJ-III standardization sample that
were randomly selected from the matched sample. In order to select participants, the
participants from the standardization sample were filtered based on the age and gender of
each participant. From this sample, participants were then selected by using a random
number generator.
Measures
The current study used the Woodcock-Johnson-III Cognitive and Achievement
Tests (McGrew & Woodcock, 2001). This measure was chosen because they are typically
used in both schools and clinics for diagnosing learning disabilities. The WJ-COG is
typically recommended by many PSW approaches as well (Flanagan et al., 2007).
Reliability estimates for each subtest are reported for broad age groups and generally
found to range from .80 to .95 (see the WJ III Technical Manual for more specific
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information, McGrew & Woodcock, 2001). See Tables 2.1 and 2.2 for specific reliability
information regarding the cognitive and academic subtests. Reliability measurements
were calculated through a split-half procedure for all the WJ III tests. All split-half
coefficients were corrected for the length of the test using the Spearman-Brown
correction formula. The subtest scores are standardized, with a mean of 100 and a
standard deviation of 15 (McGrew & Woodcock, 2001).
Woodcock Johnson Tests of Cognitive Abilities, Third Edition
The Woodcock-Johnson Tests of Cognitive Abilities (WJ-COG III) is a normreferenced comprehensive assessment measuring areas of cognitive ability. This measure
was selected because it includes measures of all the Cattell-Horn-Carroll (CHC) broad
abilities and is commonly used in both schools and clinics. Furthermore, the WJ-COG III
has been shown to produce reliable and valid results across a variety of ages and cultures
(Edwards & Oakland, 2006; McGrew, Schrank, & Woodcock, 2007, Taub & McGrew,
2004). See Table 2.1 for a full description of the subtests used and reliability information
regarding the subtests.
Woodcock-Johnson Tests of Achievement, Third Edition
The Woodcock-Johnson Tests of Achievement (WJ- ACH III) is a comprehensive
set of individually administered norm-referenced tests designed for measuring academic
achievement from pre-school through adulthood. The WJ-ACH III measures areas of
reading, mathematics, writing and oral language. See Table 2.2 for a full description of
the subtests used and the reliability information regarding the subtests.
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Procedure
For the Learning Disability group, consent for participation in the study was
obtained from parents and assent was obtained from the child. All participants included in
the Learning Disability group were administered the standard cognitive battery of the
WJ-COG III. The standard cognitive battery consists of subtests one through seven, each
of which assesses a different area of cognitive functioning according to the CHC model
of cognitive functioning. See Table 2.1 for a full description of the cognitive subtests
used. Additionally, participants were administered the Reading, Oral Language, and
Mathematic composites as well as the spelling subtest of the achievement battery of the
WJ-III (subtests 1-7& 9-10). The other writing subtests of the standard battery were not
administered to participants due to concerns of fatigue. See Table 2.2 for a full
description of the achievement subtests used. Participants were given $50 for
participation in the study.
For the control group (the participants in the WJ-III normative sample), the
project staff contacted the local school system administrator to receive permission. A list
of students enrolled in each grade was obtained from the school’s records, and a table of
random numbers was used to select students to participate in the study. The parent
permission form, which included demographic information, was given to the students to
take home. All participants were administered tests from both the cognitive and
achievement tests (McGrew & Woodcock, 2001).
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Data Classification Coding and Analysis
Descriptive Statistics
Means and standard deviations of cognitive and achievement scores will be
reported in order to examine differences between groups. The descriptive statistics will
be reported for the control group, students with reading disabilities, students with math
disabilities, students with comorbid reading and math disabilities, and a combined LD
group that includes all types of LD (reading LD, math LD, and comorbid LD). Due to the
small sample size, the study conducted analyses for Aim One and Aim Two with a
control group and a general combined LD group (which includes Math LD, reading LD,
and comorbid reading/math LD group).
Aim One
The first goal of the study was to examine whether there was a difference in the
frequency of cognitive and academic weaknesses between students in the control group
and the LD group (as defined by a previous diagnosis of LD). Further, the study
investigated the impact of criteria effects on the frequency of these weaknesses.
Primarily, the frequency of cognitive and academic weaknesses, utilizing different cutoff
scores (90, 85, 80, 75) used to define a ‘weakness’ were identified. All subtest scores
were reassigned a binary value (0, 1) based on whether the obtained score did or did not
meet criteria. For example, for criteria thresholds of 80, all test scores of 80 or less were
converted to 1 and all test scores higher than 80 were 0. The number of cognitive and
academic weaknesses were counted based on four different potential cutoff scores used
by practitioners: 75, 80, 85 and 90. The number of subtests with scores less than the
specified cutoff point were counted for each participant and summed to total the number
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of scores that would be considered weaknesses for each participant. Because this analysis
used count data, which may not have a normal distribution, the data will be analyzed to
assess for normality (Everitt & Hothorn, 2006). Based on the results of the distribution,
the researchers will choose whether parametric or nonparametric assessments are
appropriate to determine if there is a difference between groups (LD and Control) in
terms of the frequency of cognitive and academic weaknesses.
Data Analysis Plan for Aim Two
The second goal of the study was to examine the validity of the I-AIM by
determining whether the model correctly identifies more individuals in the LD group than
in the control group. In order to examine the second goal of the study, the learning
disability identification rates for the control and learning disability groups were assessed.
A link between measured deficits in different domains to intervention services was made
by a Data Classification Code (DCC) that represents measured deficits in each domain
(academic, cognitive, social-behavior, etc.) with 0 (no deficits to 4 (four or more deficits).
The DCC provides a representation of the number of deficits in each domain in which
more deficits in more domains indicate greater severity of problems. For instance, two
domains (academic and cognitive) are represented by a two-digit DCC (00). The I-AIM
DCC code for identifying LD in the current study was identified as meeting criteria for
LD if they have 1-5 academic deficits below the cutoff score as well as 1-3 cognitive
deficits below the cutoff score. Table 2.3 describes the DCC codes that would meet
eligibility criteria under the I-AIM.
The current study also assessed the use of four different cut off scores (75, 80, 85,
90) for the I-AIM. A sum of the number of individuals who met criteria was quantified,
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as well as the number of individuals who exceeded criteria (i.e. more than three cognitive
weaknesses and/or more than five academic weaknesses) or did not meet criteria (i.e.,
zero cognitive and/or academic weaknesses). The percentage of participants in the LD
group and the control group were calculated.
To examine differences between the LD group and the control group in terms of
the percentage of participants who met criteria according to the I-AIM, a chi-square
analysis was conducted. Further, to provide more information regarding the accuracy of
identification, the sensitivity, specificity, the Positive Predictive Value (PPV) and the
Negative Predictive Value (NPV) of the I-AIM were calculated. The formulas utilized for
calculating these values are included in Table 2.4. For the purpose of this analysis, a
participant in the LD group that was identified as having a learning disability according
to I-AIM criteria was considered to be a “true positive.” A participant in the LD group
that did not meet I-AIM criteria as a student with a learning disability was considered to
be a “false negative.” Likewise, a student in the control group who was identified with a
learning disability according to I-AIM criteria was considered to be a “false positive.”
Finally, a participant in the control group who was not identified with a learning
disability according to I-AIM criteria was considered to be a “true negative.” The values
were calculated using the various cut off scores utilized for comparison purposes to better
understand the classification accuracy of the I-AIM under different conditions. Finally, a
receiving operating characteristic (ROC) curve was conducted to provide more
information about the sensitivity and specificity of the I-AIM.
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Table 2.1
WJ-III Cognitive Subtests Utilized in the Current Study
Subtest

CHC
Factor
Gc

Description

Visual Auditory
Learning

Glr

Subject is required to learn,
store, retrieve a series of rebuses

.86

Spatial Relations

Gv

Subject is required to identify 23 pieces to form a complete
shape

.81

Sound Blending

Ga

Subject listens to a series of
phonemes and is asked to blend
the sounds into a word

.86

Concept
Formation

Gf

Subject is presented with a
stimulus set and asked to derive
the rule for each item

.94

Visual Matching

Gs

Subject is required to locate and
circle the two identical numbers
in a row in 3 minutes

.89

Numbers
Reversed

Gsm

Subject is required to hold a
span of numbers in memory
while reversing the sequence

.86

Verbal
Comprehension

Includes four subtests: Picture
Vocabulary, Synonyms,
Antonyms and Verbal
Analogies
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Median
Reliability
.90

Table 2.2
WJ-III Academic Achievement Subtests Utilized in the Current Study
Subtest

Ability

Description

Letter-Word
Identification

Reading

Requires the subject to orally
identify letters and words

Reading
Fluency

Reading

Requires the subject to quickly read
simple sentences and circle if the
statement is true or false within 3
minutes

Story Recall

Oral
Language

Requires the subject to recall stories .87
from an audio recording

Understanding
Directions

Oral
Language

Requires the subject to listen to a
set of instructions and then follow
the directions by pointing to objects

.77

Calculation

Math

Requires the individual to perform
mathematical computations

.85

Math Fluency

Math

Requires the individual to solve
simple arithmetic problems in 3
minutes

.89

Spelling

Writing

Requires the individual to write
orally presented words

.89

Passage
Reading
Comprehension

Requires the individual to read a
short passage and identify a key
missing word

.83

Applied
Problems

Requires the subject to analyze and
solve math problems

.92

Math

34

Median
Reliability
.91
.90

Table 2.3
DCC Classification Codes that Would Meet I-AIM LD Criteria
One cognitive
weakness

Two cognitive
weaknesses

Three cognitive
weaknesses

One academic
weakness

11

21

31

Two academic
weaknesses

12

22

32

Three academic
weaknesses

13

23

33

Four academic
weaknesses

14

24

34

Five academic
weaknesses

15

25

35

35

Table 2.4
Sensitivity and Specificity Formulas
Formula Used
Sensitivity

True Positive/(True positive + false negative)

Specificity

True Negative/(True negative + False positive)

PPV

True Positive/(True positive + False positive)

NPV

True negative/(False negative + True negative)
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CHAPTER THREE:
RESULTS
Descriptive Statistics
Prior to examining the aims for the proposed study, descriptive analyses (means
and standard deviations) were assessed to examine the cognitive and academic profiles of
students in the LD group and the control group. For the purpose of the descriptive
analyses, the sample was separated into five groups: 1) the control group; 2) a combined
LD group (including all reading, math, and comorbid LD participants); 3) Reading LD;
4) Math LD; and 5) Comorbid Reading and Math LD. However, due to small sample
sizes, the majority of the analyses will utilize two groups: 1) the control group and 2) the
combined LD group.
See Table 3.1 for the means and standard deviations of the cognitive scores on the
WJ-III COG. The mean General Intellectual Ability (GIA) of the control group was
105.38, and the mean GIA of the combined LD group was 87.00. Thus, the GIA is within
the Average range for the control group and the Low Average range for the combined LD
group. These scores were expected, given that students with learning disabilities have
been shown to have cognitive deficits, which would lower their GIA score slightly
(Compton et al., 2012; Swanson et al., 2012). Some notable differences in cognitive skills
between the groups were in Visual Matching (processing speed) and Visual-Auditory
Learning (long-term retrieval).
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See Table 3.2 for the means and standard deviations of the academic achievement
scores on the WJ-ACH III. Regarding reading scores, the control group scored higher on
Letter-Word ID (M = 104.21) than the combined LD group (M = 85.57). Regarding math
scores, the control group scored higher on Calculation (M = 99.62) than the combined LD
group (M = 86.31). These scores indicate that the combined LD group had lower
academic achievement scores, which was expected. Surprisingly, the reading-only LD
group scored lower on Math Fluency (M = 81.04) than the control group (M = 99.98),
which may be due to deficits in processing speed (as discussed in the descriptive statistics
for the cognitive scores). However, on Story Recall, the control group (M = 99.19) scored
similar to the combined LD group (M = 98.83), which was expected since oral language
skills were not expected to be a deficit in the LD group.
Aim One
Model Assumptions
Before conducting the analyses for Aim One, model assumptions were tested to
determine the appropriate analyses for examining the differences between the LD and
control group in terms of the frequency of cognitive and academic weaknesses. Skew
and kurtosis for the distribution of key outcome variables (the frequency of cognitive and
academic weaknesses), were assessed to determine if the assumption of normality was
met, using SPSS (see Table 3.8). Each score was then divided by its standard error to
create a standardized z score. If the result was greater than +1.96 for skew and kurtosis, it
was interpreted as non-normal (Ghasemi & Zahediasl, 2012). The data was not normally
distributed for the frequency of cognitive and academic weaknesses, as demonstrated in
Table 3.8. Visual analysis of the data confirmed that the data was positively skewed. As
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discussed in the data analysis plan, a Poisson regression was then conducted in order to
account for the non-normality of the data.
Results for Aim One
The first aim of the study was to examine differences between the LD and control
group in terms of the frequency of cognitive and academic weaknesses, and to determine
the impact of the use of different cutoff scores on the frequency of cognitive and
academic weaknesses. Aim One assessed the cognitive and academic differences between
the control group and the LD group (based on the previous diagnosis of a learning
disability). The number of participants with cognitive and academic weaknesses, using
different cutoff scores to define a weakness (90, 85, 80, 75), were identified. See Tables
3.3 through 3.6 for further information on the frequency of cognitive and academic
weaknesses in the LD and the control group. Results indicated that there were large
differences between groups (LD vs. control) as well as differences based on the cutoff
score utilized. In the control group, the number of participants without any cognitive
weaknesses ranged from 33 (SS= 75) to 16 (SS = 90). Further, the number of participants
in the control group without any academic weaknesses ranged from 33 (SS =75) to 13
(SS = 90). Therefore, participants in the control group were far more likely to have a
cognitive and/or academic weakness when using a cutoff score of 75, compared to a
cutoff score of 90. In the LD group, the number of participants without any cognitive
weaknesses ranged from 13 (SS = 75) to zero (SS = 90). Further, the number of
participants in the LD group without any academic weaknesses ranged from 14 (SS = 75)
to one (SS = 90). These findings suggest that there are significant changes in the
frequency of cognitive and academic weaknesses based on the cutoff score utilized.
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See Table 3.7 for the median number of cognitive and academic weaknesses in
each group. The median number of cognitive weaknesses and academic achievement
weaknesses varied slightly based on cutoff score for the control sample, ranging from .00
(SS = 75) to 1.00 (SS = 90). However, the median number of cognitive and academic
achievement weakness had a greater range based on the cutoff score utilized for the LD
group, ranging from 1.00 (SS = 75) to 3.00 (SS = 90) for cognitive weaknesses, and from
1.00 (SS = 75) to 5.00 (SS = 90) for academic weaknesses. While expected, this
demonstrates that the cutoff score used greatly changes the number of weaknesses
identified in the sample, particularly for students with learning disabilities. Further, when
using a standard score of 80, the median number of cognitive and academic weaknesses
was zero for the control group and two for the LD group. Therefore, when keeping the
cutoff score consistent, the LD group had a greater number of cognitive and academic
weaknesses compared to the control group.
In order to further examine differences between the LD and control groups for the
frequency of cognitive and academic weaknesses, a Poisson regression was conducted.
See Tables 3.9 and 3.10 for a full description of the results of the Poisson regression. For
all thresholds used to determine a cognitive/academic weakness, there were significant
differences between the groups (LD vs. control). For example, when using a standard
score of 80 to define a cognitive and academic weakness, there was a significant
difference between groups (LD vs. control) for the frequency of cognitive weaknesses (B
= 1.10, p = .00) and academic weaknesses (B = 1.49, p = .00). This finding supports the
hypothesis that there are significant differences in the frequency of cognitive and
academic weaknesses for students with and without learning disabilities. Based on these
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results, students with learning disabilities have more cognitive and academic deficits,
compared to typically developing students.
Aim Two
The second aim of the study was to examine the utility of using the I-AIM to
identify individuals with learning disabilities. The I-AIM LD identification rates for the
control and learning disability groups were assessed using SPSS. Participants were
identified as meeting I-AIM eligibility criteria if they had 1-3 cognitive weaknesses and
1-5 achievement weaknesses. A sum of the number of individuals who met I-AIM criteria
in each group was quantified. See Tables 3.11 and 3.12 for full results. When using a
standard score of 80, 23 individuals in the LD sample met criteria (55%), compared to 7
individuals in the control sample (17%). Because the I-AIM identified fewer participants
in the LD group than anticipated, the researchers examined other potential identification
criteria to determine if different thresholds would result in a higher identification rate.
Tables 3.13-3.16 provide results for the identification rates among the LD and control
group, using different potential criteria (i.e., cutoff scores used, the number of
cognitive/academic weaknesses). Based on this data, the I-AIM criteria utilized in the
current study identified the largest percentage of students in the LD group.
To determine if there were significant differences between the LD group and the
control group in terms of the number of participants who met criteria according to the IAIM, a Chi-square analysis was conducted using SPSS. Because the results were not
significant for all cutoff scores, a post-hoc power analysis was conducted in G*Power to
determine the likelihood of finding significant results for a Chi-Square (Faul, et al., 2007;
2009). Post-hoc analysis indicated that the sample size of 84 participants resulted in a

41

power of .80, if there was a medium effect size (.3). Therefore, the current study had
adequate power to detect differences between groups for a medium effect size but would
not have had sufficient power to find significant results for a small effect size.
Results of the Chi-square indicated that there was a significant difference in the
identification frequency of the I-AIM between groups (LD vs. control) when using a
standard score of 80 (χ2 (1) = 13.27, p =.00) as well as when using a standard score of 75
(χ2 (1) = 15.30, p = .00). These results indicated that significantly more students in the
LD group met I-AIM criteria than the control group. Therefore, the I-AIM does
significantly discriminate between students with LD and typically developing students.
Additionally, the number of students who met criteria according to the I-AIM model was
significantly higher when using a cutoff score of 90, compared to a cutoff score of 75.
See Table 3.17 for full results of the Chi-square analyses.
In order to further examine the validity of the I-AIM, the sensitivity and
specificity of the I-AIM was calculating using different cutoff scores. The sensitivity of
the I-AIM ranged from 38% (SS = 90) to 55% (SS = 80) depending on the cutoff score
utilized. The specificity of the I-AIM ranged from 67% (SS = 90) to 95% (SS = 75).
When using a standard score of 80, the I-AIM had a sensitivity of 55% and a specificity
of 83% (PPV = 77%, NPV = 65%). See Table 3.18 for full results. ROC analyses were
also conducted to visually examine the sensitivity and specificity of the I-AIM (see
Figure One). Results indicated that the I-AIM significantly differentiates between control
and LD participants when using a standard score of 75 or 80. When using a standard
score of 80, the Area under the Curve (AUC) =.69 (p < .05), indicating that the I-AIM
will accurately identify LD participants 69% of the time (see Table 3.19). Although this
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is significant, this finding indicates a high level of error, although this may be due to
disagreement among current LD methods. The I-AIM did not significantly differentiate
between groups when using a standard score of 85 or 90. Further, when using a standard
score of 90, the ability of the model to discriminate between groups was similar to chance
(AUC = .52, p =.71).
In order to further examine the identification accuracy of the I-AIM, Tables 3.20
and 3.21 provide descriptive analyses of the control and LD groups, split by whether or
not they met criteria for the I-AIM. Interestingly, individuals in the control group who
met I-AIM criteria scored lower on Spatial Relations (M = 82.86) compared to those who
did not meet criteria (M = 103.43). Similar, individuals in the control group that met
criteria had a lower score for Calculation (M = 88.00) compared to those who did not
meet criteria (M = 101.94). Scores appeared to be relatively similar for individuals in the
LD group who met criteria compared to those who did not meet. However, scores were
lower on Visual Matching for individuals who met criteria (M = 77.57) compared to
participants who did not meet criteria (M = 84.17) and higher on Sound Blending (M =
104.61) compared to those who did not meet criteria (M = 95.95).
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Table 3.1
Mean Standard Cognitive Scores by Group
Control
Group
(N=42)

LDCombined
(N=42)

LDReading
(N=37)

LD-Math
(N=2)

LDComorbid
(N=3)

104.43a
(14.66b)

94.07
(12.33)

94.54
(12.16)

98.50
(6.36)

85.33
(17.24)

Visual-Auditory 103.69
Learning
(15.10)

80.71
(14.23)

79.78
(13.52)

106.00
(.00)

75.33
(12.58)

Spatial
Relations

100.00
(13.65)

100.86
(9.32)

101.24
(9.78)

101.5
(3.53)

95.67
(3.10)

Visual
Matching

100.69
(19.74)

80.46
(14.39)

80.78
(14.85)

81.00
(9.90)

74.00
(12.72)

Sound Blending

105.69
(15.69)

100.69
(12.59)

100.51
(13.10)

105.00
(9.90)

100.00
(9.54)

Concept
Formation

103.83
(17.18)

89.67
(13.11)

90.95
(12.48)

90.50
(9.19)

73.33
(15.70)

Numbers
Reversed

103.00
(18.10)

84.17
(14.28)

83.89
(13.94)

97.00
(29.70)

79.00
(6.08)

GIA

105.38
(17.68)

87.00
(9.95)

86.84
(10.12)

95.5
(2.12)

81.50
(7.78)

Verbal
Comprehension

a

Mean Standard Score
Standard Deviation

b
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Table 3.2
Mean Standard Academic Achievement Scores by Group

a

Control
Group
(N=42)

LDCombined
(N=42)

LDReading
(N=37)

LD-Math
(N=2)

LDComorbid
(N=3)

Letter-Word ID

104.21a
(15.27b)

85.57
(11.07)

84.70
(9.73)

105.50
(.70)

83.00
(19.70)

Reading Fluency

104.14
(15.26)

85.10
(13.49)

84.50
(10.91)

106.00
(2.82)

78.33
(32.25)

Story Recall

99.19
(19.64)

98.83
(12.45)

100.19
(11.64)

98.00
(9.90)

82.67
(16.29)

Understanding
Directions

99.05
(16.09)

89.88
(12.45)

89.76
(12.40)

98.50
(10.61)

85.67
(15.82)

Calculation

99.62
(14.23)

86.31
(15.78)

88.14
(15.54)

89.50
(.71)

61.67
(17.90)

Math Fluency

99.98
(12.69)

81.04
(13.12)

80.86
(11.39)

103.50
(24.75)

68.33
(11.93)

Spelling

99.69
(13.21)

79.36
(11.94)

79.43
(10.70)

95.50
(.71)

67.67
(19.86)

Passage
Comprehension

99.90
(14.78)

84.00
(11.99)

83.76
(11.61)

97.50
(3.54)

78.00
(16.64)

Applied Problems

102.57
(13.89)

89.76
(13.41)

90.94
(12.18)

101.00
(15.56)

68.00
(4.00)

Mean Standard Score
Standard Deviation

b
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Table 3.3
Frequency of Cognitive Weaknesses in Control Group by Cutoff Score Utilized (N = 42)

a

75

80

85

90

0

33a (78.6b)

28 (66.7)

24 (57.1)

16 (38.1)

1

5 (11.9)

9 (21.4)

9 (21.4)

8 (19.0)

2

3 (7.1)

1 (2.4)

3 (7.1)

7 (16.7)

3

0 (0.0)

3 (7.1)

4 (9.5)

4 (9.5)

4

1 (2.4)

0 (0.0)

0 (0.0)

3 (7.1)

5

0 (0.0)

1 (2.4)

1 (2.4)

2 (4.8)

6

0 (0.0)

0 (0.0)

1(2.4)

1 (2.4)

7

0 (0.0)

0 (0.0)

0 (0.0)

1 (2.4)

Indicates the number of individuals
Indicates the percentage of individuals

b
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Table 3.4
Frequency of Academic Weaknesses in Control Group by Cutoff Score Utilized
(N = 42)

a

75

80

85

90

0

33a (78.6b)

26 (64.3)

18 (42.9)

13 (31.0)

1

7 (16.7)

10 (23.8)

14 (33.3)

10 (23.8)

2

1 (2.4)

3 (7.1)

4 (9.5)

6 (14.3)

3

0 (0.0)

1 (2.4)

3 (7.1)

2 (4.8)

4

0 (0.0)

0 (0.0)

1 (2.4)

2 (4.8)

5

0 (0.0)

0 (0.0)

0 (0.0)

3 (7.1)

6

1 (2.4)

0 (0.0)

1 (2.4)

4 (9.5)

7

0 (0.0)

1 (2.4)

0 (0.0)

0 (0.0)

8

0 (0.0)

0 (0.0)

1 (2.4)

1 (2.4)

9

0 (0.0)

0 (0.0)

0 (0.0)

1 (2.4)

Indicates the number of individuals
Indicates the percentage of individuals

b
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Table 3.5
Frequency of Cognitive Weaknesses in LD Group by Cutoff Score Utilized (N = 42)

a

75

80

85

90

0

13a (31.0b)

8 (19.0)

2 (4.8)

0 (0.0)

1

9 (21.4)

11 (26.2)

8 (19.0)

3 (7.1)

2

15 (35.7)

14 (33.3)

16 (38.1)

15 (35.7)

3

2 (4.8)

3 (7.1)

7 (16.7)

6 (14.3)

4

3 (7.1)

4 (9.5)

6 (14.3)

11 (26.2)

5

0 (0.0)

1 (2.4)

1 (2.4)

3 (7.1)

6

0 (0.0)

1 (2.4)

2 (4.8)

4 (9.5)

7

0 (0.0)

0 (0.0)

0 (0.0)

0 (0.0)

Indicates the number of individuals
Indicates the percentage of individuals

b
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Table 3.6
Frequency of Academic Weaknesses in LD Group by Cutoff Score Utilized (N = 42)
75

a

80

85

90

0

14a (33.3b) 5 (11.9)

5 (11.9)

1 (2.4)

1

14 (37.8)

13 (31.0)

3 (7.1)

0 (0.0)

2

2 (4.8)

6 (14.3)

6 (14.3)

5 (1.9)

3

6 (14.3)

5 (11.9)

6 (14.3)

3 (7.1)

4

1 (2.4)

3 (7.1)

5 (11.9)

4 (9.5)

5

1 (2.4)

4 (9.5)

3 (7.1)

9 (21.4)

6

2 (4.8)

1 (2.4)

3 (7.1)

5 (11.9)

7

0 (0.0)

3 (7.1)

6 (14.3)

5 (11.9)

8

2 (4.8)

2 (4.8)

4 (9.5)

4 (9.5)

9

0 (0.0)

0 (0.0)

1 (2.4)

6 (14.3)

Indicates the number of individuals
Indicates the percentage of individuals

b
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Table 3.7
Median Number of Cognitive and Academic Weaknesses
Cognitive

Academic

Control

LD

Control

LD

75

.00

1.00

.00

1.00

80

.00

2.00

.00

2.00

85

.00

2.00

1.00

4.00

90

1.00

3.00

1.00

5.00
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Table 3.8
Skew and Kurtosis of Key Outcome Variables (N=84)
Variable

Skewnessa Z (Skewness) Kurtosisb

Z (Kurtosis)

Cognitive

1.21

4.65

.74

1.42

1.29

4.96

1.31

2.52

.89

3.42

.29

.56

.43

1.65

-.58

1.12

2.32

8.92

5.27

10.13

1.52

5.85

1.48

2.85

.87

3.35

-.47

.90

.24

.92

-1.16

2.23

Weaknesses (75)
Cognitive
Weaknesses (80)
Cognitive
Weaknesses (85)
Cognitive
Weaknesses (90)
Academic
Weaknesses (75)
Academic
Weaknesses (80)
Academic
Weaknesses (85)
Academic
Weaknesses (90)
a

SE=.26
SE= .52

b
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Table 3.9
Poisson Regression for Frequency of Cognitive Weaknesses
SS
Estimate
SE

Z

Intercept

Groupa

75

-1.03

1.34

.26

.29

-3.99***

4.60***

80

-.52

1.10

.20

.23

-2.60**

4.76***

85

-.10

.99

.16

.19

-.62

5.16***

90

.50

.66

.12

.15

4.12***

4.48***

Intercept

Group

Intercept

Group

***= p <.001; ** p <.01; *= p <.05
a
= The poisson regression evaluated differences between the LD and the control group
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Table 3.10
Poisson Regression for Frequency of Academic Weaknesses
SS
Estimate
SE
Intercept

Groupa

Intercept

Group

Z

Intercept

Group

75

-1.03

1.58

.26

.28

-3.99***

5.58***

80

-.48

1.49

.20

.22

-2.45*

6.85***

85

.15

1.24

.14

.16

1.08

7.63***

90

.78

.92

.10

.12

7.52***

7.47***

***= p <.001; ** p <.01; *= p <.05
a
= The poisson regression evaluated differences between the LD and the control group
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Table 3.11
Number of Participants that Met I-AIM Eligibility Criteria in the Control Group
75

80

85

90

Meets Criteria

2

7

13

14

Does not meet criteria

40

35

29

28

Exceeds number of
weaknessesa

2

2

1

9

Below number of
weaknessesb

38

33

28

19

a.
b.

Indicates the number of participants who did not meet I-AIM criteria because they had more than
3 cognitive weaknesses and/or more than 5 achievement weaknesses
Indicates the number of participants who did not meet I-AIM criteria because they did not have
any cognitive and/or achievement weaknesses.
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Table 3.12
Number of Participants that met I-AIM Eligibility Criteria in the LD Group
75

80

85

90

Meets criteria

17

23

21

16

Does not meet criteria

26

19

21

26

Exceeds number of weaknesses

5

7

12

25

Below number of weaknesses

20

12

9

1

a.
b.

Indicates the number of participants who did not meet I-AIM criteria because they had more than
3 cognitive weaknesses and/or more than 5 achievement weaknesses
Indicates the number of participants who did not meet I-AIM criteria because they did not have
any cognitive and/or achievement weaknesses.
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Table 3.13
Percentage of Participants with Cognitive and Academic Weaknesses, SS=75
Cognitive Weaknesses
Academic

Group

1-2

1-3

1-4

2-3

2-4

3-4

LD

23.8

23.8

23.8

11.9

11.9

0.0

Control

4.8

4.8

7.1

0.0

2.4

2.4

LD

33.3

35.7

38.1

21.4

23.8

4.8

Control

4.8

4.8

7.1

0.0

2.4

2.4

LD

35.7

38.1

40.5

23.8

26.2

4.8

Control

4.8

4.8

7.1

0.0

2.4

2.4

LD

38.1

40.5

42.9

26.2

28.6

4.8

Control

4.8

4.8

7.1

0.0

2.4

2.4

LD

14.3

16.7

19.0

11.9

13.2

4.8

Control

0.0

0.0

2.4

0.0

2.4

2.4

LD

16.7

19.0

21.4

14.3

16.7

4.8

Control

0.0

0.0

2.4

0.0

2.4

2.4

LD

19.0

21.4

23.8

16.7

19.0

4.8

Control

0.0

0.0

2.4

0.0

2.4

2.4

LD

11.9

14.3

14.3

11.9

14.3

4.8

Control

0.0

0.0

0.0

0.0

0.0

0.0

LD

14.3

16.7

19.0

14.3

16.7

4.8

Control

0.0

0.0

0.0

0.0

0.0

0.0

Weaknesses
1-2

1-3

1-4

1-5

2-3

2-4

2-5

3-4

3-5
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Table 3.14
Percentage of Participants with Cognitive and Academic Weaknesses, SS=80
Cognitive Weaknesses
Academic

Group

1-2

1-3

1-4

2-3

2-4

3-4

LD

35.7

35.7

35.7

21.4

21.4

0.0

Control 11.9

16.7

16.7

7.1

7.1

4.8

LD

40.5

40.5

42.9

23.8

26.2

2.4

Control 11.0

16.7

16.7

7.1

7.1

4.8

LD

45.2

47.6

50.00

35.7

31.0

4.8

Control 11.9

16.7

16.7

7.1

7.1

4.8

50.00 54.8

54.8

35.7

38.1

7.1

Weaknesses
1-2

1-3

1-4

1-5

2-3

LD

Control 11.9

16.7

16.7

7.1

7.1

4.8

LD

14.3

16.7

9.5

11.9

2.4

2.4

2.4

0.0

0.0

0.0

23.8

14.3

16.7

4.8

14.3

Control 2.4
2-4

2-5

3-4

3-5

LD

19.00 21.4

Control 2.4

2.4

2.4

0.0

0.0

0.0

LD

28.6

31.0

21.4

23.8

7.1

Control 2.4

2.4

2.4

0.0

0.0

0.0

LD

11.9

14.3

7.1

9.5

4.8

Control 0.0

0.0

0.0

0.0

0.0

0.0

LD

19.0

21.4

14.3

16.7

7.1

0.0

0.0

0.0

0.0

0.0

23.8

9.5

14.3

Control 0.0
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Table 3.15
Percentage of Participants with Cognitive and Academic Weaknesses, SS=85
Cognitive Weaknesses
Academic

Group

1-2

1-3

1-4

2-3

2-4

3-4

LD

16.7

21.4

21.4

11.9

11.9

4.8

Control

16.7

23.8

23.8

9.5

9.5

7.1

LD

31.0

35.7

35.7

26.2

26.2

4.8

Control

19.0

28.5

28.6

11.9

11.9

9.5

LD

38.1

45.2

45.2

33.3

33.3

7.1

Control

21.4

31.0

31.0

11.9

11.9

9.5

LD

40.5

50.0

52.4

35.7

38.1

11.9

Control

21.4

31.0

31.0

11.9

11.9

9.5

LD

23.8

28.6

28.6

11.9

23.8

4.8

Control

11.9

14.3

14.3

9.5

4.8

2.4

LD

31.0

38.1

38.1

31.0

31.0

7.1

Control

14.3

16.7

16.7

4.8

4.8

2.4

LD

33.3

42.9

45.2

33.3

35.7

11.9

Control

14.3

16.7

16.7

4.8

4.8

2.4

LD

21.4

23.8

23.8

21.4

21.4

2.4

Control

4.8

7.1

7.1

2.4

2.4

2.4

LD

23.8

28.6

31.0

23.8

26.2

7.1

Control

4.8

7.1

7.1

2.4

2.4

2.4

Weaknesses
1-2

1-3

1-4

1-5

2-3

2-4

2-5

3-4

3-5
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Table 3.16
Percentage of Participants with Cognitive and Academic Weaknesses, SS=90
Cognitive Weaknesses
Academic

Group

1-2

1-3

1-4

2-3

2-4

3-4

LD

11.9

11.9

11.9

11.9

11.9

0.0

Control

19.0

23.8

26.2

14.3

16.7

7.1

LD

19.0

19.0

19.0

14.3

14.3

0.0

Control

21.4

26.2

28.6

16.7

19.0

7.1

LD

26.2

26.2

28.6

19.0

21.4

2.4

Control

23.8

31.0

33.3

19.0

21.4

9.5

LD

28.6

38.1

50.0

31.0

42.9

21.4

Control

26.2

33.3

40.5

21.4

28.6

14.3

LD

19.0

19.0

19.0

14.3

14.3

0.0

Control

7.1

9.5

11.9

9.5

11.9

4.8

LD

26.2

26.2

28.6

19.0

21.4

2.4

Control

9.5

14.3

16.7

11.9

14.3

7.1

LD

28.6

38.1

50.0

31.0

42.9

21.4

Control

11.9

16.7

23.8

14.3

21.4

11.9

LD

14.3

14.3

16.7

7.1

9.5

2.4

Control

4.8

7.1

7.1

4.8

4.8

2.4

LD

16.7

26.2

38.1

19.0

31.0

21.4

Control

7.1

9.5

14.3

7.1

11.9

7.1

Weaknesses
1-2

1-3

1-4

1-5

2-3

2-4

2-5

3-4

3-5
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Table 3.17
Chi-square Results, by Cutoff Score Criteria Utilized
SS
χ2
p
Phi
75

15.30

.00

.43

80

13.27

.00

.40

85

3.16

.08

.194

90

.21

.65

.05

60

Table 3.18
Sensitivity and Specificity Rates for I-AIM, by Cutoff Score utilized
SS
Sensitivity
Specificity
PPV

NPV

75

39.53%

95.24%

89.47%

60.61%

80

54.76%

83.33%

76.67%

64.81%

85

50.00%

69.04%

61.76%

56.86%

90

38.10%

66.67%

53.33%

51.85%
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Table 3.19
Area under the Curve (AUC) Results
SS
Area

SE

p

75

.68

.06

.005

80

.69

.06

.003

85

.60

.13

.133

90

.52

.70

.71
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Table 3.20
Descriptive Statistics of the Control Sample based on I-AIM Eligibility, SS = 80
Met I-AIM criteria
Did not meet I-AIM criteria
Mean

SD

Mean

SD

Age in Months

129.86

12.17

118.45

21.05

Verbal Comprehension

101.14

10.65

105.09

15.38

Visual-Auditory Learning

102.29

14.00

103.97

15.49

Spatial Relations

82.86

13.62

103.43

10.93

Visual Matching

89.71

22.50

102.89

18.73

Sound Blending

97.00

12.99

107.43

15.76

Concept Formation

94.86

9.08

105.63

17.92

Numbers Reversed

91.71

20.04

105.23

17.11

GIA

94.29

9.99

107.60

18.14

Letter-Word ID

96.00

10.85

105.86

15.61

Reading Fluency

96.29

12.43

105.71

13.28

Story Recall

90.29

10.48

100.97

20.64

Understanding Directions

90.57

8.44

100.74

16.78

Math Fluency

94.29

9.41

101.11

13.06

Spelling

93.14

15.67

101.00

12.52

Calculation

88.00

10.31

101.94

13.85

Passage Comprehension

95.57

12.55

100.77

15.19

Applied Problems

96.14

7.95

103.86

14.53
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Table 3.21
Descriptive Statistics of the LD Sample based on I-AIM Eligibility, SS = 80

Met I-AIM criteria

Did not meet I-AIM criteria

Mean

SD

Mean

SD

Age (in Months)

117.96

22.76

123.26

16.71

Verbal Comprehension

96.13

11.60

91.58

13.03

Visual-Auditory Learning

79.48

15.22

82.21

13.18

Spatial Relations

99.17

8.43

102.89

101.4

Visual Matching

77.57

14.79

84.17

13.36

Sound Blending

104.61

10.16

95.95

13.85

Concept Formation

90.70

13.80

88.42

12.49

Numbers Reversed

84.70

11.67

83.53

17.24

GIA

87.65

7.67

86.17

12.48

Letter-Word ID

86.83

8.64

84.05

13.55

Reading Fluency

86.00

10.69

84.05

13.55

Story Recall

100.57

10.22

96.74

14.73

Understanding Directions

91.83

10.22

87.53

14.64

Math Fluency

81.67

10.61

80.42

15.93

Spelling

80.13

10.67

78.42

13.56

Calculation

88.26

12.99

83.95

18.72

Passage Comprehension

85.30

9.08

82.42

14.89

Applied Problems

91.23

10.61

88.05

12.48
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SS= 75
SS=80
SS=85
SS=90

Figure 3.1 ROC Curve, Based on Cutoff Score
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CHAPTER FOUR:
DISCUSSION
The field of learning disabilities has a history of debate regarding the assessment
practices utilized for the identification of learning disabilities, due to the inconsistency
and lack of validity in the identification of LD. The lack of standardized criteria has been
a noted criticism of all of the LD identification models, including IQ/achievement
discrepancy, RTI and PSW models. Currently, practitioners and various LD models
(particularly PSW models) apply different standard score cutoff criteria. For example, in
the CHC model a score below a 90 is considered to be a normative weakness, whereas a
deficit is below 85 (Flanagan, Alfonso, & Mascolo, 2011). However, the use of such a
high cutoff is likely to identify a large proportion of the population. If going with
probability distribution theory, this would result in 25% of the population being identified
with a cognitive weakness (Decker, Schneider & Hale, 2004). Unfortunately, the
differences in methodology used can create differences in the accuracy of identification
and in the base rates of learning disabilities, thus causing problems for the feasibility of
special education services. (Hallahan et al., 1986; Scruggs & Mastropieri, 2002; Reschly
& Hosp, 2004; Maki et al., 2015).
The lack of consistency among learning disability identification criteria, including
a variation among the type of methods used and criteria among each method, has led to
confusion and concerns of the current practices (Maki et al., 2015; Miciak et al., 2014;
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President’s Commission, 2002; Zirkel., 2013). Therefore, this leads to confusion about
what defines a “true learning disability.” Inherent in the challenge of identifying children
with SLD is the fact that measures of academic and cognitive ability provide a continuous
range of ability levels; yet, identification of children with LD is a dichotomous decision
(i.e., Yes or No). Additionally, children with LD are distinguished by having more
learning problems than typically developing children but less than children with
pervasive developmental conditions. Although qualitative interpretation is an important
component to most approaches to identifying children with LD (Hale & Fiorello, 2004;
Flanagan et al., 2007; Flanagan et al., 2011), the I-AIM model (Decker, 2012) was
specified with an intent to link educational services to the underlying continuum of
measured learning deficits.
The current study provided an empirical investigation of the underlying
assumptions of the I-AIM model to distinguish children with and without LD. The first
aim was to examine differences in cognitive and academic profiles between the LD and
control sample, and to determine the impact of utilizing different criteria (e.g., cutoff
scores) on the number of participants with cognitive and/or academic weaknesses. The
second aim was to examine the validity of the I-AIM, using different criteria thresholds.
Primarily, the study found that the LD sample had a greater number of cognitive
and academic weaknesses, compared to the control sample, across all cutoff scores
utilized. This finding supports that there are cognitive differences between students with
and without Learning Disabilities, and supports the research conducted by Compton and
colleagues (2012). Further, this finding provides some theoretical support for PSW
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models. Based on this finding, identifying these weaknesses could potentially help with
identification, intervention, and accommodation plans.
The current study found that the cutoff score utilized greatly changes the
frequency of cognitive and weaknesses in the population. For example, the median
number of cognitive weaknesses for the LD group ranged from one to three, based on the
cutoff score used. Based on this, the cutoff score utilized by practitioners would greatly
change the likelihood of a student meeting (or not meeting) criteria as a student with a
learning disability. This research highlights the importance of standardizing the criterion
used in the field, both in practice and in research. Given the difficulties with
dichotomizing continuous data, it’s important to note the difficulties associated with
creating a standardized criterion based on a cutoff score. However, because practitioners
and multidisciplinary teams must make a dichotomous (yes or no) eligibility decision,
there will always be some measurement error (Decker, 2012).
The second aim of the study was to examine the validity of the I-AIM by
determining if the model accurately categorized children with learning disabilities.
Results of the study significantly more students in the learning disability group met IAIM criteria than students in the control sample, when using a standard score of 75 and
80. There were not significant differences between groups when using a standard score of
85 nor 90. However, only 55% of the students in the learning disability group met I-AIM
criteria, when the cutoff score utilized was 80. Additionally, 17% of participants in the
control group met I-AIM criteria. Thus, although the majority of participants met I-AIM
criteria in the LD group, the frequency was lower than expected. Additionally, more
participants in the control group met criteria than expected.
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In order to further explore the validity of the I-AIM, the sensitivity and specificity
were assessed. When using a standard score of 80 , the sensitivity of the I-AIM was 55%
and the specificity was 83%. When using a standard score of 75, the specificity was
significantly higher (95%), but this reduced the rate of sensitivity to 40%. The overall
AUC of the I-AIM was .69 (when SS= 80), indicating the I-AIM has a 69% likelihood of
accurately identifying a student as LD. The overall sensitivity and specificity found for
the I-AIM are not ideal, but it is reflective of the disagreement among current learning
disability practices. Because there are currently multiple methods utilized for assessing
learning disabilities, and the current study used participants who had been identified
under different models for learning disability, there is likely to be disagreement among
approaches. Thus, the inconsistency in identification is likely partially due to the variety
of approaches utilized in the assessment of learning disabilities. For comparison
purposes, previous research examining the classification accuracy of the C/DM indicated
that the model has high specificity (M=93.65) but lower sensitivity (M=52.02) (Miciak,
Taylor, Stuebing, & Fletcher, 2018). The current study does provide initial promising
evidence of the validity of the I-AIM. However, future research is needed in order to
further establish the reliability and validity of the model. Further, although the I-AIM
only involves quantitative analysis of test scores, the classification accuracy might have
been improved through qualitative analysis which is part of clinical test interpretation.
Limitations
This study is based on current identification practices for learning disabilities,
which vary greatly. Results indicated that there were many students who are currently
identified as having a learning disability who did not meet criteria under the I-AIM.
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However, given the nature of the study it is difficult to determine whether the students in
the learning disability group who were not identified according to the I-AIM were true or
false negatives. Review of the data indicates that there may have been several students
who have been identified with a learning disability who may more accurately fit a “slow
learner” profile. However, given the need for services, many of these students may have
been identified as having a specific learning disability.
The current study also may have been impacted by the interventions that students
had previously received. Because the study required a previous identification of a
learning disability, the participants in the LD group likely had received prior
interventions. Thus, applying initial eligibility decisions to a case where the student had
already received interventions is problematic. The study did not take into account the
amount of time the participants may have received reading and/or phonological
awareness interventions. Their time in the interventions may have impacted the scores in
this area. For example, the Phonological Awareness score in the control group and the
learning disability group were very similar. However, we would expect the Phonological
Awareness scores to be significantly lower in the learning disability sample based on
prior research. This could be due to (1) the students in the learning disability sample not
truly having a learning disability; (2) measurement error; or (3) the students in the
learning disability group could have received interventions that specifically targeted
phonological awareness, thus increasing their scores in this area. Both of the sites that LD
participants were recruited from, Sandhills and Tutor Eau Claire, provide intensive
interventions that specifically target phonological awareness skills. Further providing
evidence that there may have been an effect of previous interventions received, the mean
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age of participants (in months) for the LD group that met criteria was 117.96, whereas the
mean age of participants in the LD group that did not meet criteria was 123.26. Thus,
older students were more likely to not meet I-AIM criteria.
Another important limitation is that the data for the LD group was collected from
2014-2017, whereas data for the WJ normative group (the control group) was collected
from 1996-1999. Thus, there is approximately a 20 year difference in data time points.
The Flynn effect may be a factor impacting the results of the study, as cognitive scores
tend to rise over. On average, research shows that IQ scores rise .3 points per year, or 3
points per decade time (Flynn, 1984, 1987, 2007). Therefore, the cognitive data for the
LD group may be somewhat inflated. Although the results did indicate that the GIA score
was already slightly lower for the LD group than control group, it may have been lower if
the groups were tested at a similar time.
Future Research
Future research should further examine the validity of the I-AIM. Primarily, a
larger sample size will help to increase the statistical power of the study. When selecting
students, future research may wish to employ stricter selection criteria and screening
procedures. Ideally, students in the sample would be identified prior to receiving
interventions. Further, the sample should include more students with specific learning
disabilities in mathematics (i.e., dyscalculia), as there were a limited number of students
with dyscalculia included in the current study. Future research will also want to use a
comparison group of students with ADHD, to determine if the I-AIM can successfully
differentiate among groups.
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Future research should also examine the utility of using the I-AIM in a hybrid
approach for learning disabilities, by incorporating response to intervention. Given the
promise and utility of a hybrid approach, the I-AIM should examine how to integrate this
into the model. Finally, the I-AIM should examine the model criteria when giving
extended cognitive assessments (i.e. CHC battery) or other cognitive and academic
achievement measures (e.g., Wechsler assessments).
Conclusions
Overall, the study found that there are significant differences in the cognitive and
academic profiles of students with and without learning disabilities. Further, the cutoff
score utilized will have a large impact on the frequency of cognitive and academic
weaknesses, thus changing the base rates. Finally, although the I-AIM was able to
differentiate between the LD and control group, the sensitivity and specificity of the
model were smaller than desired. Therefore, future research is needed to be able to adjust
the model or identify methods of increasing the validity of the model.
Given the criteria here, there is no substitution for clinical judgment and
monitoring for exclusionary criteria. The clinical judgment by professionals and by
interdisciplinary teams is always required for any disability within the school system
(President’s Commission, 2002). In order to prevent false positives, clinicians should
make sure that the differences found in testing are consistent with data from other sources
(Kamphaus, 2001; Konold et al., 1999). Future research should continue examining
methods of identification to help inform practice.
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